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Abstract
This paper considers data quality issues to analyze the pattern of con-
sumption inequality in the 1990s exploiting two complementary datasets
from the US Consumer Expenditure Survey. The Interview sample fol-
lows survey households over four calendar quarters and consists of retro-
spectively asked information about monthly expenditures on durable and
non-durable goods. The Diary sample interviews household for two con-
secutive weeks, and it includes detailed information about frequently pur-
chased items (food, personal cares and household supplies). Each survey
has its own questionnaire and sample. We exploit information from one
sample as an instrument for the other to derive a correction for the mea-
surement error aﬀecting observed measures of consumption. We produce
some evidence of non-classical measurement error aﬀecting the aggregate
measure of consumption both for diary and recall based data; we also
show the implications of our ﬁndings to test for the Permanent income
hypothesis.
1 Introduction
The aim of this paper is to shed more light on the comparison between recall-
based and diary-based data on household consumption, looking at the inequality
in the distribution of household expenditures using US micro-level data. Part
of the current economic literature is working to explain why a rising income
inequality in 1990s has not been accompanied by a corresponding rise in con-
sumption inequality. This pattern has already been pointed out by several pa-
pers both exploiting US data (Krueger and Perri, 2001) and UK data (Blundell
and Preston, 1998, and Attanasio, Berloﬀa, Blundell and Preston, 2001). On
the other hand, only few papers motivate such a pattern looking at the quality
of data exploited in the analysis.
There is some evidence that measurement errors in recall consumption data
lead to potentially misleading results in analyzing household saving behavior
(Battistin, Miniaci and Weber, 2001). Recent studies show how available data
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1can be unsuitable for the analysis of the permanent income (life-cycle) hypothe-
ses and how adjustments provide greater consistency concerning the time series
properties of consumption (Wilcox, 1992, Slesnick, 1998, and Rosati, 2001).
Validation data, that is data on the variables of interest collected from an
independent assessment of validity study (such as payroll records), are useful -
whether available - to infer on the error structure of observed variables (see for
example Rodgers, Brown and Duncan, 1993, and Pischke, 1995).
In what follows we jointly exploit diary and recall data from two indepen-
dent samples from the US Consumer Expenditure Survey to deﬁne inequality
measures for non-durable consumption. Recall data are deemed to be reliable
for bulky items (major consumer durables: real property, automobiles and ma-
jor appliances) or for those components either having regular periodic billing
or involving major outlays (transports, fuel and rent); recall data on frequently
purchased goods are more likely subject to non-negligible measurement error.
Diary surveys are designed to obtain detailed recordings of expenditures on
small, frequently purchased items which are normally diﬃcult to recall.
According to the evidence from diﬀerent countries, we look at diaries as a
more reliable and accurate benchmark for the true underlying household expen-
diture on non-durable goods and services. We explicitly model measurement
error sources exploiting information from one sample as an instrument for the
other to derive a correction for the bias aﬀecting observed inequality.
One of the main points in discussing welfare indices is the identiﬁcation of
permanent and transitory aspects; a constant inequality pattern over time would
mean that a policy maker should mainly account for the variation induced by
transitory shocks. Consumption inequality might not have increased over time
in spite of the rise in income inequality because spending captures permanent
income and income got more volatile. Blundell and Preston (1998) provide some
evidence for this using UK data for repeated cross-sections of household over
the period 1968-1992 showing a strong growth in transitory income inequality
and small variation for the variance of permanent income shocks. Diverging
saving rates across the permanent income distribution due to changing in tastes,
in social norms or in liquidity constraints would also be an explanation for
such a pattern (Clark, 2001). Another reasonable explanation which has not
been deeply investigated so far is the measurement error variation in reporting
own income and expenditures over time. The reported spending could be less
lumpy because of diﬀerent methods of payment introduced over time (e.g. direct
debit) and income might be more error aﬀected because of the increased self-
employment (inducing better quality in consumption data and worse quality in
income data).
The remaining of this paper is organized as follows. Section 2 describes
the two data sources and compares descriptive statistics of household charac-
teristics already found to be relevant for data quality in previous studies of
expenditure surveys. Section 3 presents a puzzle implied by the comparison of
means (Section 3.1) and inequality indicators (Section 3.2) of total non-durable
expenditure exploiting the information in the two surveys. Section 4 analyzes
such discrepancies looking at the contribution of diﬀerent non-durable goods.
The identiﬁcation restrictions to deﬁne an improved measure of expenditure
combining recall and diary information on each non-durable commodity are
discussed in Section 5 and Section 6. Section 7 and Section 8 present the es-
timation procedures for total non-durable expenditure and the reporting error
2processes aﬀecting non-durable components, respectively. Results are presented
in Section 9 and Section 10 concludes. Some more technical comments on our
empirical ﬁndings are reported in the Appendix.
2D a t a
The Consumer Expenditure Survey (CEX in the following) is a national survey
with two separate components: the Diary, completed by respondents for two
consecutive weeks, and the Interview, with four quarterly interviews. Each
of the two components has its own questionnaire and sample. It is currently
the only micro-level data set reporting comprehensive measures of consumption
expenditures for a large cross-section of households in the US.
Each component of the survey addresses an independent sample of house-
holds. The Interview sample is selected on a rotating panel basis targeted at
5000 units each quarter; each consumer unit is interviewed about own monthly
expenditures every three months over four consecutive quarters. It turns out
that for each household we observe the monthly time series of purchases on
diﬀerent goods over one year (12 observations overall). After the last interview,
the sample unit is dropped from the survey and replaced by a new consumer
unit. Diary data are referred to repeated cross sections of households diﬀerent
from the ones in the Interview sample (around 4500 per year) receiving two
weekly diaries during a separate visit by a census interviewer over the two-week
period interview. Both for the Interview and the Diary sample a number of
questions are asked concerning household characteristics (demographics, work-
related variables, education and race) and very detailed income information.
The two surveys are designed to collect diﬀerent types of goods and services.
While some items are collected exclusively in only one of the instruments, there
is a set of items (basically non-durable goods) for which expenditures are cap-
tured by both instruments. In any case the direct comparison is not always
straightforward. For example, expenditures incurred by members while away
from home overnight or longer (for trips or vacation) are not collected in the
Diary Survey. Moreover, changes in survey instruments characterize the data
over the period covered by this analysis.
In the Interview survey households are retrospectively asked for their usual
expenditure via two major questions. The ﬁrst type of question asks for the
weekly/monthly purchase directly for each reported expenditure; the exact
wording is ‘What has been your usual weekly/monthly expense for ... in the
last quarter?’. Amongst non-durable goods households are asked to report
their usual weekly expenditure only for tobacco products and for food and non-
alcoholic beverages consumed at home. The expenditure on the latter category
is obtained as the diﬀerence between the usual weekly total expenditure at
grocery stores or supermarkets and how much of this amount was for non-food
items (speciﬁed as ‘paper products, detergents, home cleaning supplies, pet foods,
and alcoholic beverages’). Expenditures on alcoholic beverages and food away
from home (but not the one consumed on vacation) are referred to the usual
monthly amount. The second type of question asks for the amount of expen-
ditures in the last quarter by a detailed collection of expenditures on a list of
separate goods (referred to clothing, food consumed on vacation and entertain-
ments). Recall data are collected by a trained interviewer asking questions and
3providing examples of items in each category.
In the Diary Survey respondents are asked to record their purchases made
each day for two consecutive one-week periods. Diary respondents are assisted
by cues printed on the diary and - whether needed - by interviewers at pick-up;
the daily expense record is designed as a self-reporting, product-oriented diary
on which respondents keep track of a detailed description of all expenses for two
consecutive weeks.
Clearly household characteristics (occupation and economic activity of the
head, household composition, region of residence) aﬀect the share of spending
and the quality in reporting own expenditures. Table 1shows t-statistics from
a logistic regression of the binary indicator Interview/Diary household over a
set of variables including annual available family income (before taxes), work-
related information and characteristics found to be relevant for data quality
in previous analysis of CEX data (Tucker, 1992). The speciﬁcation adopted in-
cludes polynomial terms in the age of the reference person and in the proportion
of children and members within certain age bands (these terms are not reported
because not particularly signiﬁcant).
The data exploited in this analysis cover ten years between 1988 and 1998.
The main diﬀerence in the two surveys is conﬁrmed to lie in the diary rela-
tive over-sampling of higher educated households with young children (probably
leading to a signiﬁcative diﬀerence in available family income). The amount of
weeks worked per year by the reference person1 is higher in the Diary sample;
however, signiﬁcant diﬀerences are found along several dimensions and with a
diﬀerent pattern over time.
3 Evidence
3.1 Expenditure levels
A standard way to analyze the dynamic properties of consumption with re-
peated cross-sections is to rely on cohort analysis. In what follows we will
group households into cohorts on the basis of the year of birth of the reference
person (deﬁning six 10-year bands) and we will produce some descriptive graphs
for total non-durable consumption using average cohort techniques2.
Following Attanasio and Weber (1995) we include amongst components of
non-durable expenditure food (at home and away from home), alcohol, tobacco,
clothing and footwear, heating fuel and electricity, public and private transport
(including gasoline) and expenditure on goods and services for personal care.
We account for the diﬀerence in reference period deﬁning monthly expenditures
in the Diary sample as 26/12=2 .16 times the expenditure observed over two
weeks, assuming equally complete reporting.
Because of the small within-quarter variation in reporting Interview expen-
ditures (less than 2% of the total variation in our sample), we consider only the
expenditure ﬁgure for the month preceding the interview (thus taking only four
observations for each household). It has been found that expenditures for many
1In what follows the head of the family is conventionally ﬁxed to be the male in all the
H/W families (representing the 56% and 53% of the whole sample for Interview and Diary
data, respectively).
2We will tend to use ‘expenditure’ and ‘consumption’ as two synonyms since the distinction
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Figure 1: Age proﬁles of log non-durable expenditure by cohort
items are reported more frequently for this month than for earlier months (Sil-
berstein and Jacobs, 1989). This could obviously mean a partial recollection of
past events (mainly less important purchases) increasing with longer reference
period and/or a telescoping eﬀect for the month nearest to the interview.
Since diﬀerences in consumption across the two surveys might reﬂect diﬀer-
ences in the composition of the samples with respect to household character-
istics, we re-weight diary households exploiting propensity score based weights
derived from the regressions in Table 1(see for example Battistin, Miniaci and
Weber, 2001). Under the assumption that sampling diﬀerences are adequately
captured by this weighting scheme, the remaining diﬀerences reﬂect solely the
nature of the instrument exploited in each survey (i.e. diary vs recall questions).
Figure 1reports age proﬁles of log non-durable consumption using the Con-
sumer Price Index published monthly by the Bureau of Labor Statistics to equiv-
alize expenditures for Diary and Interview data. Each data point represents the
mean expenditure of the cohort in the generic year over the period 1988−1998;
the age of the head is the mid-age of the cohort3. Since the weighting scheme
adopted reweighs Diary households so that the distribution of characteristics in
Table 1is the same across the two samples within each year, the composition
of the two samples is comparable across time.
The proﬁle obtained exploiting Diary data is always below the proﬁle for
Interview data for all the cohorts over the entire life-cycle. In the absence
of time eﬀects, vertical distances between broken lines within each survey can
be interpreted as cohort eﬀects; these diﬀerences remain positive for both the
3The youngest cohort enters the graph only in 1990 (when its mid-age is 25); the oldest
cohort is followed until 1995 (when its mid-age is 80). Note also that - here and in the following
graphs - each Interview household appears four times with consumption referred to diﬀerent
months over its one-year interview (the attrition problem is not particularly strong in our
data).
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Figure 2: Mean of monthly log consumption by cohort (thinner lines refer to
Interview data)
surveys but they look smaller exploiting Diary data.
Consumption drops after retirement as already found in previous studies on
US and UK data (see for example Banks, Blundell and Tanner, 1998). Non-
durable consumption is likely to fall as cohorts age because of reduced family
size, reduction in work related expenditures (transports and meals, amongst
others), investments on durable goods, drops in the cost of leisure. The same
graph for per capita expenditures, exploiting the well established measure of
equivalent adults per household - that is the number of adults (older than 18)
plus half the number of children (aged up to 18) -, leads to similar results.
Figure 2 presents the same information contained in Figure 1smoothing
consumption proﬁles for the central cohorts; the ﬁrst panel of Figure 4 reports
the evolution of expenditure levels for the full sample over the ten years of data.
Figure 3 and the ﬁrst panel of Figure 5 presents the same statistics referred
to available family income, deﬁned as the monthly average income obtained
from the amount reported by each household for the whole year (considering
per capita income doesn’t modify this pattern). It turns out that Diary data
lead to considerably higher values of saving rates over the life cycle.
3.2 Aggregate inequality
In this section we discuss observed diﬀerences across the two samples with re-
spect to the dispersion of non-durable expenditure over time. We will consider
lifetime proﬁles of the variances of log consumption since the observed pat-
tern of such an indicator discriminates between alternative theoretical models
of consumer behavior.
According to the well known Permanent Income Hypothesis (see Deaton,
1992) the variance of consumption within a ﬁxed-membership group of people
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Figure 3: Mean of monthly log income by cohort (thinner lines refer to Interview
data)
should increase over time, since the process describing the intertemporal choice
of consumption is distributed as a random walk (provided that innovations
to consumption are not perfectly correlated among people within the group).
Increasing consumption inequality is ﬁnanced by an increasing dispersion in
total income, deﬁned as the sum of earnings and asset income4.
Changes in the age structure of the population and their impact on the non-
durable distribution need to be examined systematically before interpreting the
observed trend in overall inequality. If the reference population changes signiﬁ-
cantly over time, these diﬀerences feed into many aspects of applied microeco-
nomic and policy analysis. The Permanent Income model does not necessarily
imply that aggregate inequality increases over time since age composition ef-
fects can compensate for within group inequalities. Inequality is greater among
older cohorts and less among the young, and since young people are continu-
ally replacing the old, there is no automatic presumption that overall dispersion
should increase. According to this model, if the reference population is age-
ing over time the aggregate inequality is more likely to increase because young
people are not replacing the old.
The second panel in Figure 4 shows the pattern of aggregate inequality both
for diary and recall data exploiting all households in each survey year. We ﬁnd
inequality (deﬁned as the variance of log monthly non-durable expenditures)
to be higher for Diary as compared to Interview data. This may be due to
respondent issues, but is deﬁnitely related to the time periods of the two surveys
being diﬀerent: the shorter time period results in data with greater volatility
(the Diary reference period is one week). The second panel in Figure 5 reports
4However, it is not necessary that there be increasing dispersion in both of these compo-
nents of total income, and rising consumption inequality will be observed even if the cross
sectional distribution of earnings is constant.
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Figure 5: Mean and variance of monthly log income (thinner lines refer to
Interview data)
the same inequality measure referred to total disposable income.
Available data are used to investigate whether the time series properties of
consumption are consistent with the Permanent Income (life-cycle) Hypothe-
ses. Note that the weighting scheme adopted leads the distribution of income
and household composition to be the same across the two samples over time;
both these variables could appreciably aﬀect the shape of age inequality proﬁles
because of an increasing dispersion of household size (and, as a consequence,
available family income) as cohort ages5.
The information contained in each sample leads to contradictory results with
respect to the inequality pattern: Diary inequality increases over time while the
recall counterpart remains pretty ﬂat over the entire period. We checked the
5It might be interesting considering how much robust our results are to variations in head’s
age deﬁnition (Deaton and Paxon, 2000, and Miniaci, Monfardini and Weber, 2001). However,
there is not particular reason to believe that any bias arising from such problem aﬀects the
two instruments in a diﬀerent way and/or with a diﬀerent sign.
9robustness of this analysis exploiting diﬀerent measures of inequality selected
from the Generalized Entropy family (see for example Shorrocks, 1983) coming
out with a picture consistent with the one presented here. The class of indexes
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where the parameter c reﬂects diﬀerent perceptions of inequality, with lower
values indicating a higher degree of inequality aversion. The more positive c is,
the more sensitive the corresponding index is to diﬀerences at the top of the
distribution.
Results are reported in Table 2 where the ﬁrst, the third and the ﬁfth columns
are referred to the Theil mean log deviation measure (GE0), the Theil coeﬃ-
cient (GE1) and half the squared coeﬃcient of variation (GE2), respectively.
According to the Interview sample, it follows that the rising income inequality
presented in the second panel of Figure 5 is not accompanied by a correspond-
ing rise in consumption inequality. The result we ﬁnd about an inequality fall
(both for Diary and Recall) during the early 1990’s - probably due to the strong
business cycle - has already been pointed out by Johnson and Shipp (1995).
We also analyzed how the reference population ages over the observed pe-
riod. The proportion of households whose head is aged less than 30 decreases
over time while the class 40−50 presents a mild upward trend (this result is not
documented here but it is available on request). According to the Permanent
Income Hypothesis, this mild aging over time could spuriously induce an in-
creasing pattern of the overall inequality. However it is hard to believe that this
mild population ageing totally explains the diﬀerences in the overall inequality
for the two samples.
Indeed, we decompose the inequality indices presented in Table 2 into within-
and between-group components in a manner similar to the decomposition de-
ﬁned exploiting the classical analysis of variance. We disaggregate by age on the
grounds that age acts as a proxy for most of the important structural changes
over the considered period. This allows us to investigate how the observed pat-
terns reﬂect diﬀerences in inequality due to changes in age structure over time.
It follows that, besides comparing inequality levels within subgroups, we can
evaluate the proportion of total inequality due to diﬀerences across subgroups.
The decomposition equations for the generalized entropy measures consid-
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10Table 2: Age decomposition of aggregate inequality
GE0 GE1 GE2
Interview total between total between total between
1988 0.23030 0.02687 0.23759 0.02678 0.34269 0.02705
1989 0.22846 0.02713 0.23939 0.02716 0.36230 0.02753
1990 0.22773 0.02839 0.24057 0.02838 0.39213 0.02878
1991 0.22203 0.02572 0.22579 0.02462 0.30639 0.02581
1992 0.21911 0.02217 0.22365 0.02228 0.30295 0.02262
1993 0.21301 0.02476 0.21445 0.02465 0.28035 0.02481
1994 0.22053 0.02208 0.22944 0.02203 0.32949 0.02220
1995 0.21251 0.01995 0.21606 0.01986 0.28606 0.01994
1996 0.22047 0.01984 0.23629 0.01980 0.42703 0.01992
1997 0.21752 0.02221 0.22040 0.02211 0.29940 0.02221
1998 0.21392 0.02238 0.22182 0.02207 0.32006 0.02196
GE0 GE1 GE2
Diary total between total between total between
1988 0.28006 0.01267 0.25061 0.01239 0.30271 0.01220
1989 0.29827 0.01314 0.29036 0.01283 0.47754 0.01259
1990 0.31796 0.01520 0.30609 0.01475 0.49305 0.01440
1991 0.29519 0.01112 0.27388 0.01086 0.37212 0.01068
1992 0.27825 0.01081 0.24570 0.01041 0.28903 0.01009
1993 0.31542 0.01041 0.28594 0.01017 0.38751 0.00999
1994 0.31502 0.01311 0.27627 0.01253 0.33589 0.01209
1995 0.32313 0.01229 0.28989 0.01182 0.39070 0.01145
1996 0.30915 0.01281 0.28113 0.01259 0.37906 0.01246
1997 0.34446 0.01242 0.34914 0.01209 0.76899 0.01184
1998 0.34354 0.01307 0.31746 0.01262 0.46389 0.01228
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Figure 6: Variance of monthly log consumption by cohort (thinner lines refer to
Interview data)
where the index a identiﬁes the age group we considered (family head aged
below 30, 31 − 40, 41 − 50, 51 − 60, 61 − 65 and over 65). The ﬁrst term in
these equations (the within-group component) is a simple weighted sum of the
subgroup inequality values. The second term is the between-group component,
reﬂecting the inequality contribution due solely to diﬀerences in the subgroup
means (in a decomposition by age, this term corresponds to a pure ‘age eﬀect’).
Table 2 reports the amount of total inequality explained by the between-
group component (age) separately for years 1988-98, both for Diary and Inter-
view, for the three inequality indexes considered. The proportion attributable
to between-group diﬀerences presents a modest downward trend over time and
it is always less then 9% (depending on the inequality measure exploited). It
follows that vast majority of inequality in each sample is not attributable to age
eﬀects over time; the ﬁnding that most of the inequality is due to within-group
rather than between-group variation is also documented by Johnson and Shipp
(1995).
3.3 Within cohort inequality
To shed more light on the nature of the diﬀerences so far discussed, Figure 6
and Figure 7 presents how much the within-cohort distribution of expenditures
disperses as cohort ages, where cohorts are still identiﬁed by year of birth of the
family head6. Interview inequality is mainly ﬂat over time for all the considered
6The theoretical behavior of inequality within cohorts depends on people’s attitude toward
risk and on the mechanisms that are available for sharing risks between people and periods.
The Permanent Income Hypothesis assumes that people have certainty equivalent preferences,
allows them to lend and borrow as much as they want and permits no direct sharing of risk
between people. Changing any of these assumption will generally aﬀect the way in which risk
is ﬁltered into consumption inequality, and one of the main reasons for measuring consumption
12age 33 in 1988
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Figure 7: Variance of monthly log income by cohort (thinner lines refer to
Interview data)
cohorts, with the exception of the ones referred to head aged 33 and 43 in
1988 where the increasing pattern is not well marked (the inequality values for
January 1988, 1993 and 1998 are 0.27, 0.28 and 0.32 for the ﬁrst cohort and 0.32,
0.35 and 0.37 for the second cohort, respectively). Inequality seems to be most
pronounced exploiting Diary data for all groups. The bump-shaped pattern
peaking before retirement for those who are 53 in 1988 could be explained by
the eﬀect of an increasing leisure time due to the retirement age7.
The ﬁgure discussed above doesn’t change if we consider inequality indexes
for per capita expenditures; the relative constancy of Interview inequality within
cohorts would represent an empirical evidence against the classical formulation
of the Permanent Income Hypothesis.
4 Inequality decomposition by factors
In this section we seek to describe how marginal changes in expenditures for
speciﬁc commodities can aﬀect the inequality with respect to total non-durable
expenditure. The components of non-durable expenditure we consider are the
ones already analyzed by Attanasio and Weber (1995): food and non-alcoholic
beverages (both at home and away from home), alcoholic beverages, tobacco
and expenditures on other non-durable goods such as heating fuel, public and
private transports (including gasoline), services and semi-durables (deﬁned by
inequality and its evolution is to help understand and calibrate the way in which economy
handles risk (see Deaton and Paxon, 1984).
7The observed diﬀerences between income mean and variance in the two samples are not
statistically diﬀerent from zero (with the exception of years 1988 − 1990 for the third cohort
in Figure 7). The result follows by deﬁnition of the weighting scheme adopted which depends
on binary regressions including total available income as an explanatory variable.
13clothing and footwear). Health and education expenditures do not enter total
expenditure on non-durables.
Table 3 and Table 4 looks into the relative magnitudes of mean expenditures
based on the Diary and on the Interview sample, respectively. Year-to-year
changes in the ratios of aggregate expenditures provides useful monitors of sur-
vey performance over time. We present reporting rates for the Diary and the
Interview samples - that is the proportion of non-zero expenditures for a speciﬁc
item (see Table 3) - and the ratio of spending means - that is conditional to a
positive expenditure (see Table 4). By deﬁnition those households presenting
null expenditure on total food (both at home and away from home) are dropped
from the analysis (less than 1% in each sample).
Possible conjectures on the sources of reported zero expenditure for a certain
good in one or both components include (i) under reporting the expenditure in
an acknowledged purchase, (ii) non-identiﬁed item non-response (i.e. not re-
porting a purchase that was made) and/or (iii) variation in preferences across
the sample. It is actually clear that demographic characteristics may have diﬀer-
ent impact on the share of spending at diﬀerent expenditure levels. Households
may simple not consume some commodities (due, amongst others, to price and
income variation); for example, it is reasonable that families with more chil-
dren allocate more expenditure to - say - food and a lower fraction to alcohol.
Because of the weighting scheme adopted, diﬀerences in the two data sources
across time in Table 3 presumably reﬂect only two of the three sources of zero
expenditures (infrequent purchasing and misreporting) because the variation of
preferences (as a function of observable characteristics) is likely to aﬀect in the
same way the two samples.
There is a sizeable proportion of households who have zero recorded expen-
diture in the Diary sample because of the shorter reference period (two weeks
instead of one month). For goods not frequently purchased the expenditure dis-
tribution has a spike at zero corresponding to non-consumers. The frequency of
purchasing on food at home, clothing and (particularly) heating fuel is lower in
the Diary sample; the higher reporting rate for food away from home (which by
deﬁnition does not include expenditures on vacation) could suggest that many
purchases are missed in the Interview sample. The overall pattern remains the
same uniformly over time, across samples and for each commodity; this we take
as an evidence that changes in consumption habits are well reﬂected in both the
samples8.
Table 4 presents the ratio of spending means in the Interview sample to
spending means in the Diary sample, separately for each year and for each
good. With the exception of expenditure on public and private transports, the
relationship between mean levels for consumers in the two surveys remain con-
stant over time. Figure 8 and Figure 9 reports - separately for each commodity
- the analog of what presented for total non-durable expenditure in Section 3.2.
To account for the frequency of purchasing problem (i.e. the proportion of non-
consumers in each sample) which aﬀects seriously certain goods, we consider
the coeﬃcient of variation rather than the variance of logs as a inequality mea-
sure. Indeed, the squared coeﬃcient of variation is a ﬁrst order approximation
to the variance of logs and it is extensively used because of its invariance to
8Excluding goods with higher proportion of zeros (tobacco, alcohol and heating fuel) from
non-durable expenditure conﬁrms the diﬀerent pattern of aggregate Diary and Interview in-






































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































18proportional changes in expenditures for all the units9. Note also that half the
squared coeﬃcient of variation is the GE2 member of the Generalized Entropy
class of inequality measures already presented in Table 2.
The relationship between mean expenditures varies a great deal consider-
ing diﬀerent commodities. Thus, the phenomenon we observe about inequality
measures in Section 3 would appear to be the aggregated outcome of a large
number of positive and negative mean diﬀerences at the considered level. Table
5 presents the relationship between various expenditure budget components and
total non-durable expenditure (the share of each category out of the total expen-
diture). The share of expenditure for food away from home purchases is greater
for Diary data and represents (averaging over the considered period) around the
11% of non-durable expenditure, against the 8% exploiting Interview data. Not
surprisingly, recall data weight much more clothing and housing expenditures;
remaining categories look more comparable over time across the two samples.
The increasing pattern for Diary variances presented in Figure 4 is probably
determined by food at home, housing and transports components whose cor-
responding variances increase over time and whose weight in determining total
expenditure is high.
Results in Figure 9 rise the problem of identifying the contribution in over-
all inequality attributable to each commodity deﬁning non-durable consump-
tion. The problem is related to an unique decomposition rule as suggested by
Shorrocks (1982), since the inequality contribution assigned to each source can
vary arbitrarily depending on the choice of decomposition rule. Particularly
important for our purposes is the ability to meaningfully decompose the index
into inequality between and within diﬀerent commodities. The decomposition
must be consistent, in the sense that commodities’ contribution should add up
to the overall amount of inequality.
Table 6 reports commodity categories determining total non-durable expen-
diture and their percentage contribution to total inequality using the ‘natural’
decomposition rule Va r(Y )=
 
j Cov(Xj,Y), both for Diary and Interview
data. The contribution of each commodity Xj to total inequality is then ex-
pressed as the slope coeﬃcient of the Engel regression of Xj on non-durable
expenditure Y . Alternative procedures based on decompositions of the Gini
coeﬃcient (see for example Garner, 1993) lead to the same result10. It turns










that is as the product of commodity correlations with total expenditure  j,t h e
commodity shares already presented in Table 5 and how much each commodity
inequality moves with respect to total inequality (i.e. the root of the ratio
between what reported in Figure 9 to the last but one column in Table 2).
9Note that for the generic commodity X the s-th moment is deﬁned as E(Xs)=E(Xs|X>
0)Pr(X>0), that is as the s-th moment of the spending distribution times the proportion
of consumers in the sample. It follows that the means reported in Figure 8 are a smoothed
version of the product of each numerator (denominator) in Table 4 and the probability of a
positive Interview (Diary) spending in Table 3.
10However, under suitable constraints, it can be proved that there is an unique decompo-
sition rule for any inequality measure for which the proportion of inequality attributed to












































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































23Table 7 and Table 8 reports coeﬃcients  j and commodity inequalities
GE2(Xj)/GE2(Y ), respectively. The contribution of food, tobacco, transports
and housing expenditures looks constant over time but with diﬀerent levels for
each survey. The weight of expenditures on alcoholic beverages (after 1993)
and on services (after 1991) increases for Interview data and decreases for Diary
data; clothing’s contribution is slightly decreasing for both the sources as well
as the one of fuel (but more for Diary data).
5 Modelling inaccuracies
The goal of this section is to derive error-adjusted measurements of the inequal-
ity indices presented in Section 3. Exploiting jointly the two surveys we (i) dis-
cuss on the quality characterizing each commodity component of non-durable
expenditure and (ii) deﬁne an improved measure of overall consumption. As a
side result, step (i) enables us to study whether the distribution of reporting
errors for certain commodities changes over time and across waves (i.e with the
interview number).
A ﬁrst possible explanation for the evidence we found in Section 3 is due
to deﬁnitional and collection methodology diﬀerences between the two surveys.
While the Diary Survey collects detailed disaggregated data and then sums
these up to get total spending, the Interview Survey asks a global retrospective
question about total spending. Diﬀerences in levels and variances for the consid-
ered inequality indices might be determined by diﬀerent monthly expenditure
estimates on each category as a result of this aggregation. Additional eﬀects
might depend on periodic changes in the survey instruments over the years: one
example of this is that a new diary form with more categories and expanded use
of cues for respondents has been introduced in the Diary Survey since 1991.
Changes in data quality over time, which may be positive when related to
respondent’s learning curve or negative when stemming from declining interest
as time increases, can aﬀect both the surveys. With regard to the Interview
sample, it might be the case that people report similar values of consumption
over the four waves conditioning on what reported in the ﬁrst interview, implying
a ﬂat pattern of the within-household variance over the interview period (one
year). Indeed, several papers have shown that the negative eﬀect of poor quality
information as the interview-time increases is bigger than the positive eﬀect
due to respondent’s learning-by-doing process, both for recall and diary data.
Turner (1961) and Silberstein and Scott (1991) ﬁnd that the average of reported
food expenditures for diary data decreases across day and week of participation,
probably reﬂecting under-reporting related to a declining interest. Silberstein
and Jacobs (1989) ﬁnd similar results with respect to the time-in-sample (i.e.
the number of cycles of participation) for the Interview Survey11.
Let r and d be the two potential reported expenditures as the result of be-
ing interviewed exploiting a recall or a diary based questionnaire, respectively.
Clearly, the diﬀerence between these two terms is informative about the eﬀect
of reporting expenditures exploiting recall rather than diary based question-
naires. Since the two surveys are referred to separate samples, an identiﬁcation
11In the following we will not consider any bias arising from measurement eﬀects in self vs
proxy response questions, interviewers eﬀect on data collection or measurement errors aﬀecting
the considered deﬂator (for the last point see Banks and Blow, 2001).
24problem arises from the fact that - by design - we do observe only one of these
measurements on each household.
In what follows we proceed as if we knew the counterfactual measurement
for each household, that is what recall (diary) households would have reported
had they been interviewed using diary (recall) based questions. We will discuss
on the estimation of this counterfactual in Section 6. Under this assumption r
and d are two measurements of the same latent variable of interest (non-durable
expenditure) for each household.
More precisely, reported expenditures might be thought as the sum of two
separate components: the ﬁrst component is due to respondent’s failure to cor-
rectly report the amount of goods actually purchased (we will refer to this
component as the measurement or reporting error characterizing each survey).
The second component is the true (unobserved) individual consumption on that
good. The evidence we produced in Section 3 about diﬀerences in means and
variances across the two surveys suggests that the error processes leading to r
and d are likely to be not identically distributed across samples and over time.
If the distribution of measurement errors is not stationary over time we cannot
separately identify the eﬀect of a real change in the inequality level from the
eﬀect induced by variation in the quality of reporting12.
A possible approach is to represent the association between r and d by
a suitable model that embodies latent expenditures in such a way that r is
independent of d given the true value of consumption (the resulting analysis is
known as factor analysis; see for example Kim and Mueller, 1978). If the latent
expenditure and the measurement errors aﬀecting each of the two surveys were
mutually independent and we observed both r and d on the same household, the
joint distribution (r,d) would uniquely determine the density functions (i) of the
‘true’ unobserved non-durable expenditure and (ii) of the measurement errors
in r and d (for example, under the additional assumption of their symmetry
about the origin)13. Based on this identiﬁcation result, several nonparametric
procedures could be implemented to estimate all the densities involved (see, for
example, Horowitz and Markatou, 1996, and Li and Vuong, 1998).
While the assumption of a ‘classical’ measurement error (i.e. zero mean
12To give a ﬂavor of such a problem, think about the case of a multiplicative error aﬀect-
ing real expenditures Y whose intensity is given by a parameter σ (Chesher and Schluter,
2001). If we assume independence between Y and the reporting error process, a second-order
approximation for the Gini coeﬃcient of the error-contaminated consumption is given by
GY + σ2 E[Y 2fY (y)]
E[Y ]
,
where GY is the Gini coeﬃcient associated to Y . It follows that the distance between ‘true’
and observed Gini coeﬃcients might be diﬀerent over time because of variations in σ or in
the shape of expenditure distribution (indeed, the incidence of the measurement error is not
particularly high when Y is heavily right skewed).
13The result follows immediately considering the characteristic functions Φr(t), Φd(t)a n d
Φr−d(t) and assuming - for example - a symmetric reporting error in the Diary sample. If ur









where the last equality is derived exploiting the symmetry of ud.
25error independent of the true unobserved variable) on total non-durable expen-
diture can be a reasonable starting point in any model speciﬁcation exploiting
diary data, it has been largely criticized for recall based data. There is a clear
evidence that several kinds of non-classical error can aﬀect the precision in re-
porting work-related variables (Rodgers, Brown and Duncan, 1993, and Torelli
and Trivellato, 1993, Manning and Dickens, 2001), earnings (Pischke, 1995) and
non-durable expenditures. In particular, Battistin, Miniaci and Weber (2001)
provide some evidence for the case in which the magnitude of reporting er-
rors is endogenously determined by the real amount of expenditure (allowing
higher expenditure levels to increase the probability of large errors), so that the
independence assumption is no longer valid.
5.1 Identifying restrictions
In our analysis we make the following identifying assumptions.
Condition 1 Either diary or recall data identify correctly (i.e. report with-
out any error) true expenditures for all the commodities amongst non-
durables.
Condition 2 We know which source (Diary or Interview) provides the actual
amount of spending on each commodity.
Indeed since the two survey components of the CEX - the Interview Survey
and the Diary Survey - are targeted to collect diﬀerent types of expenditures,
errors aﬀecting the non-durable measurements (r,d) result from reporting errors
aﬀecting those categories ‘less reliable’ in each survey component. It follows
that those categories either having regular periodic billing or involving major
outlays easily recalled for a period of three months or longer are better described
exploiting the Interview Survey. On the other hand, those categories referred
to frequently purchased smaller items are presumably more reliable exploiting
the Diary Survey.
Even if potentially the sign of bias in recall and diary data could be in
both directions depending on diﬀerent commodities (over- or under-reporting of
true expenditures, respectively), the available evidence from several countries
suggests that under-reporting is more likely to aﬀect the great part of items in
expenditure surveys. Complete information on small expenditures is likely to
be not always available since the respondent may forget to report less important
purchases below a certain amount (see for example Van Praag and Vermeulen,
1993, or Alessie, Gradus and Melemberg, 1990, for a model based approach to
this problem).
The magnitude of partial recollection of past events varies for diﬀerent com-
modities exploiting recall and diary keeping methods. Those components having
regular periodic billing are more likely to be well reported by respondents in the
Interview Survey. Indeed, exploiting validation data from the National Income
and Product Accounts (NIPA) recall expenditures for transports, fuel and rent
expenditures have been found to be reliable and heavily under-reported by diary
data (Gieseman, 1987).
Spending on alcoholic beverages and tobacco traditionally has been under-
reported in household surveys; some authors refer to this evidence as a ‘puritan’
element in household data. Diary were found to give more reliable information
26about alcohol consumption than recall data (see Poikolainen and Kakkainen,
1983, and Atkinson, Gomulka and Stern, 1990); comparisons on tobacco ex-
penditures based on mean squared error methods exploiting NIPA data suggest
better quality from recall data (Branch and Jayasuriya, 1997).
Clothing is a category which requires fuller investigation. Several studies
reveal heterogeneity in results exploiting diary or recall information amongst
goods within this category. As expected, recall data seem to be more reliable
for costly and salient apparel items (with quite variable results exploiting dif-
ferent methods of source selection), but diaries generally capture more apparel
spending (Silberstein and Scott, 1991).
Expenditures on food need particular attention. We take as a meaningful
indicator for the quality in reporting Diary food at home expenditure the dif-
ference between (log-)monthly expenditure derived from diaries (as the sum of
detailed food data) and (log-)monthly ‘usual’ expenditure for food and non-
alcoholic beverages at grocery stores given by respondents. This information is
collected for each household at the beginning of the (two weeks) diary period
and its accuracy is therefore not inﬂuenced by how respondents learn about own
expenditures during the interview14.
It is worth noting that the average of this indicator over households condi-
tional on each month (to control for seasonal eﬀects) is always negative for the
period of time covered by this analysis, with values ranging from −0.3493 to
−0.0896 (with mean −0.1988 and median −0.1969) and generally decreasing in
absolute value over time15. There is a mild eﬀect of the interview month on
the magnitude of under-reporting, since households interviewed in December
usually present values closer to zero (mean −0.1459 and median −0.0435). This
evidence supports the idea that recall questions overestimate the real spending
on food-related items probably because in their reporting households include
more goods. Indeed the recall question about food expenditure in the Interview
survey is derived subtracting to the usual amount spent at the grocery store the
usual amount on non-food items.
Finally, we know that even if by deﬁnition the Diary Survey does not in-
clude purchases during trips or vacation, food away from home expenditure is
greater than the one reported in the Interview Survey. Because of the nature
of the two instruments, it would be reasonable thinking at diaries as the most
reliable source to measure food away from home purchases (Stanton and Tucci,
1982). See also Lyberg et al. (1997) for a review of data quality in survey
measurements.
To summarize, following the literature about oﬃcial statistics recall data
will be considered more reliable to identify expenditures on those components
having regular periodic billing or involving major outlays. Diary data will be
exploited as the reference source for expenditures on grocery items and personal
care, entertainments and other services. Table 9 summarizes the discussion of
this section.
14We have already discussed the quality of information characterizing this recall-based ques-
tion commenting on Figure 3.2. Note also that ‘food and non-alcoholic beverages’ is the only
commodity entering non-durable expenditure for which we observe on the same household both
a recall and a diary-based measurement. This would enable us to exploit also the information
on the joint distribution (r, d) as described above. This additional source of information will
be used for future research.
15This might be related to the introduction of new cues in early 1990’s; Tucker (1992)
studies the eﬀect of such procedural variations on non-sampling errors.
27Table 9: Survey selection
Factors in D Survey
food and non-alcoholic beverages at home Diary
food and non-alcoholic beverages away from home Diary
alcoholic beverages (at home and away from home) Diary
personal care, entertainments and other services Diary
Factors in I Survey
clothing and footwear Interview
tobacco and smoking accessories Interview
transport services (including gasoline) Interview
heating fuel, light and power Interview
housing (rent and services) Interview
6 Diary counterfactuals
To summarize the contents of Section 5, we motivate the diﬀerent pattern of
means and inequality indices in the two samples as the aggregate result of inac-
curacies aﬀecting both the surveys (Interview and Diary) in reporting spending
habits. These inaccuracies are mainly referred to those components of non-
durable expenditure each survey is not targeted to: frequently purchased smaller
items and services (Interview Survey) and large expenditures occurring on a reg-
ular basis such as rent or utilities (Diary Survey). The aggregate eﬀect of these
inaccuracies is not constant over time, because it depends (i) on signiﬁcative
changes in the structure (i.e. design and collecting strategies) of the two sur-
veys and (ii) on time-in-sample eﬀects.
Measurement errors on each component would be identiﬁed if we observed
the counterfactual expenditure for each household, that is what the same house-
hold would have reported had it participated the other survey. Without any loss
of generality in this section we exploit the additional Diary information to ap-
proximate - even if the samples are diﬀerent - counterfactual measurements in
the Interview survey. The same deﬁnitions given below can be applied to obtain
Diary counterfactuals using the Interview information.
6.1 Deﬁnition
Suppose that for the h-th household in the Interview Survey the (unobserved)
counterfactual measurement on the generic good depends additively (i) on an
unknown function g of observable characteristics z common to all households
and (ii) on a factor e representing unobserved heterogeneity with respect to
spending habits
dhk = gk(zh)+ehk,k =1 ,...,K (1)
where k is the generic good16. The last expression implies that households with
ﬁxed characteristics z present same level of consumption gk(z) up to individual
16It is worth stressing again that the notation (r, d) is referred to the potential outcomes as
the result of being retrospectively interviewed or compiling a diary about own expenditures.
Therefore only one of these two variables is observed for each household; since in this section
we work conditional on the Interview sample, the Diary counterfactual in (1) is not observed.
28preferences e. Assume that e is a zero-mean term independent and identically
distributed across units and independent of z,s ot h a t
E(dk|zh)=gk(zh),k =1 ,...,K.
Let S(zh) be the set of households in the Diary Survey presenting the same
characteristics zh as the ones of the h-th household in the Interview Survey.
Clearly gk(zh) can be identiﬁed averaging reported expenditures for households
in the Diary Survey belonging to S(zh). Expression (1) then implies that the
average expenditure over the set of households in the Diary Survey presenting
zh characteristics approximates - up to a (zero mean) unobserved term eh -t h e
counterfactual measurement for household h in the Interview Survey.
Since for each household in S(zh) expression (1) holds, the following rela-
tionship
ejk = djk − E(dk|zh) j ∈ S(zh),k =1 ,...,K (2)
suggests that exploiting the variability in S(z) we can identify the entire distri-
bution of the random variable e from the Diary sample.
6.2 Identiﬁcation
To deﬁne S(zh) we matched the h-th Interview household to the set of Diary
households in the same income decile presenting same composition (deﬁned by
the set of dummy variables considered in Table 1) and whose propensity score
was within a 5% distance from the one estimated for household h.
To account for preferences due to price variation over time we matched
conditional on the expenditure month, so that for any ﬁxed household h the set
S(zh) depends on the interview number. For Interview households presenting
S(zh) with poor sample size (less than 10 units in nearly 35% of cases) we
weakened the condition of exact matching on income decile and consider also
households belonging to the closest upper and lower deciles. After this correction
the overall proportion of households in the Interview survey presenting less than
10 ‘twins’ units in the Diary survey was nearly 4% and was discarded from the
analysis.
6.3 Measurement errors
It follows from the discussion in Section 6.1that variability in d|z is uniquely
determined by unobserved heterogeneity in expenditures habits; in the same
way, variability in r|z is due to unobserved heterogeneity plus measurement
error in reporting expenditures.
Indeed let u be the diﬀerence between reported r and actual spending d (the
measurement error we are interested in). Exploiting expression (1) it follows that
the diﬀerence between r and g(z) - the best prediction of its counterfactual based
on characteristics z - identiﬁes a mixture of u and unobserved heterogeneity e
rhk − gk(zh)=uhk + ehk.k =1 ,...,K. (3)
We therefore observe realizations of a random variable whose distribution is
given by the sum of the variable of interest u and the variable e. Intuitively
29since the latter distribution is identiﬁed from Diary information exploiting (2),
we could ‘subtract’ it from the distribution of r−g(z) to identify the distribution
of u.
The deconvolution of u is feasible if we assume the independence of the
reporting error from e, that is if unobserved factors determining household pref-
erences in the amount of spending are independent of factors (diﬀerent from z)
aﬀecting the quality of reporting using recall questions17. Under this assumption
the entire distribution of u is non-parametrically identiﬁed.
7 Estimating error-corrected expenditures
In this and in the following section we will use Diary as the benchmark survey to
correct expenditures in the Interview survey, both because the former is widely
considered as the best large-scale cross-sectional dataset on consumption for the
US economy and because this allows us to assess the robustness of our results
with respect to the empirical ﬁndings in related works (see amongst others
Johnson and Shipp, 1995, and Krueger and Perri, 2001).
It follows from the discussion of the previous section that we can identify the
entire distribution of expenditures conditional on each category entering total
non-durable expenditure. Indeed, while such distribution is identiﬁed exploiting
available information for those categories well-reported by means of Interview
data, for the remaining categories it is determined by the convolution of esti-
mated expenditures g(z) and preferences e exploiting Diary information18.








where the two sets of goods over which we are aggregating are those already
discussed in Table 9. The overall consumption measure in the Interview sample
is likely to be error-aﬀected because of the contribution of goods which are
presumably more accurate when collected using diaries. The share of this set
of goods out of the total budget is on average around 35% according to what
presented in Table 5. An improved measure of total non-durable consumption
could therefore be obtained exploiting Diary counterfactuals in such a way that
Xk =
 
rk if k ∈I
dk if k ∈D .
Since we do not observe such counterfactuals because Interview and Diary
samples are referred to diﬀerent households, we proceed estimating them from
17We are aware that this is obviously not always the case: as an example we can take the
shadow price of leisure, which clearly aﬀects preferences in buying habits and, at the same
time, is likely to be related to the quality of reporting. Another (extreme) example is the case
of an alcoholic, whose propensity to alcohol aﬀects his amount of spending on non-durables
and - probably - the quality of reporting.
18For food and non-alcoholic beverages (at home and away), alcoholic beverages and services




30what derived in Section 6. Since
E[Xk]=
 
E[rk]i f k ∈I
E[gk(z)] if k ∈D ,
Va r[Xk]=
 
Va r[rk]i f k ∈I
Va r[gk(z)] + Va r[ek]i f k ∈D ,
the sample counterparts of the previous quantities yields a consistent estimator
of the ﬁrst moment and of the variance of each component entering non-durable
expenditure.
Note however that while the identiﬁcation of each commodity mean leads
to identify the mean of total non-durable expenditure, the knowledge of each
commodity variance is not enough to identify the overall variance. Indeed, the











so that we can identify Y up to an unobserved component given by the aggregate
contribution of preferences referred to set D. It turns out from deﬁnition (1)
that such contribution has zero-mean but unknown variance, since it depends






Moreover, such component is also correlated with the identiﬁable component
of Y because of the correlation between preferences referred to observed and
















k∈I Cov[ei,e k]=0 ,
that is we will assume the aggregate contribution of covariances in (4) and (5)
to be zero19.
8 Estimating measurement errors
In this section we present the parametric structure we impose to the process
determining observed expenditures in the Interview Survey for those categories
better described using diaries. We characterize the measurement error u in Sec-
tion 6.3 by means of a scale-position transformation of ‘true’ expenditures to






31account for the pattern of means and variances documented by Figure 8 and
Figure 9. Our model accounts for the possibility that the coeﬃcients character-
izing the reporting error may be heterogeneous across households and provides
estimates of these coeﬃcients at diﬀerent points in time (corresponding to sig-
niﬁcative changes in the survey instruments over the years) and conditional on
diﬀerent waves (to test for the time-in-sample eﬀect).
It is worth stressing that the purpose of our exercise is merely describing
parsimoniously the potential sources of measurement error aﬀecting goods in
the set D; since the parametric structure implied by our model is not rejected
by our data (see next section) we maintained such a speciﬁcation even if under
the assumptions discussed in Section 6.3 u is non-parametrically identiﬁed.
By means of the assumption we made in Section 5.1, the value d represents
the ‘true’ expenditure each household would have reported had it compiled a di-
ary; once again we proceed as if this counterfactual measurement were observed
for each household. We assume that reported expenditures are a scale-position
transformation of real expenditures, that is observed values r represent a certain
share of d plus an additional error (for simplicity we omit the indexes h and k
referred to Interview households and goods, respectively)
r = βd+ ε. (6)
Clearly the previous expression imposes a rule in the way expenditures are
reported, implying that each household remembers a fraction β of an error af-
fected measure of the real expenditure d. The error structure is completely
characterized by the pair (β,ε); in this context the scale parameter captures the
correlation between measurement errors (r − d) - i.e. observed minus counter-
factual values - and real expenditures d.
Presumably responses of households to diﬀerent levels of expenditure may
be heterogeneous and depend, for instance, on demographic factors that cannot
always be observed. To add ﬂexibility to our model we therefore let the coeﬃ-
cient β be subject to random variation and be heterogeneous across households.
We then assume that the random variables (β,d,ε) are mutually independent
with β and ε independent and identically distributed across units. The multi-
plicative eﬀect of the random variable β modiﬁes the distribution of d allowing
for a diﬀerent pattern in the variances of observed and real expenditures over
time (as we argued from Figure 9).
The relationship in (6) together with the independence assumption amongst
the involved variables allows us to deﬁne a recursive strategy to estimate simul-










the linear regression of the s-th power of r on d identiﬁes the moments of β and
ε up to the s-th order; these estimates are plugged in the regression referred
to the (s + 1)-th power of r to identify the (s + 1)-th moments of β and ε.
The root-n consistency and asymptotic normality of the resulting estimates
follows straightforwardly under the usual regularity conditions on the existence
of the estimated moments; moreover, Beran and Hall (1992) prove the uniform
convergence of these estimates to their true values.
32Once the moments of β and ε have been estimated we can derive the corre-
sponding distributions in a variety of ways, for example exploiting an orthogonal
series - Legendre polynomial expansion or a partial Fourier inversion (see the
Appendix). We account for the time-in-sample eﬀect estimating these distri-
butions separately for each wave. This enables us to test whether households
report their consumption with the same accuracy over the interview period (one
year).
Since the presence of any time-in-sample eﬀect would explain the pattern of
means and variances only within the period covered by the interview (one year),
we allow for structural breaks referred to changes in the survey instruments over
the years estimating separately model (6) for three periods (1988-1991, 1992-
1995, 1996-1998). This allows us to check the stationarity of the measurement
error process over time for goods in D.
Since we do not identify directly the counterfactual measurement d, instead










which by means of equation (1) clearly depends on powers of e. The inter-
pretation of the previous expression follows straightforwardly: we replace the
unobserved value d with its best prediction based on what we actually observe,
g(z), introducing in each regression moments of the variable e that are ‘exoge-
nously’ identiﬁed using (2).
Under the following conditions
Condition 5 {β,ε,g(z)} are mutually independent,
Condition 6 {β,ε}⊥e|g(z),
we can apply the same recursive procedure described above to obtain (β,ε).
Condition 6 formalizes the idea that factors diﬀerent from z determining the
amount of spending must not aﬀect the measurement error process in reporting
expenditure levels (thus what we have already discussed at the end of Section
6.3).
9 Results
We present estimates of the measurement error process for goods in set D as
the result of the characterization in terms of (β,ε) discussed in Section 8. Note
that if we subtract d from both sides of (6) we have a relation explaining the
reporting error r − d as a function of the true consumption level d: this is
an increasing function if β>1, a decreasing function if β<1. The classical
measurement error assumption obtains when β =1.
Under the assumptions stated by Conditions 1-2 and Conditions 5-6 above,
all moments of β and ε can be identiﬁed from the available information imposing
the parametric structure (6). Table 10 reports the ﬁrst two kumulants of f(β)
and f(ε) together with their associated coeﬃcient of skewness controlling for
interview number (i.e. the time-in-sample eﬀect) and for time eﬀects. Negative
33Table 10: Measurement error proﬁles by interview and time
distribution of β distribution of ε
Food at home Skewness Mean Std. Dev. Skewness Mean Std. Dev.
1st interview 5.5166 0.8985 0.4230 5.3605 49.365 102.23
2nd interview 3.2517 0.9038 0.3975 5.4637 48.111 101.60
3rd interview 1.9529 0.9157 0.4130 6.6653 47.498 106.02
4th interview 7.2440 0.9190 0.5018 3.9565 46.351 92.713
1988-1991 4.3565 0.9552 0.4288 5.4464 49.394 107.42
1992-1995 5.6370 0.8836 0.4363 5.4277 46.899 99.278
1996-1998 6.9881 0.8601 0.3938 5.0291 50.604 99.518
Food away Skewness Mean Std. Dev. Skewness Mean Std. Dev.
1st interview 4.9239 0.7765 1.2447 70.963 14.217 144.20
2nd interview 6.8624 0.7544 1.2728 56.541 13.548 107.30
3rd interview 6.2974 0.7116 1.0351 38.692 15.927 126.92
4th interview 9.6312 0.7678 1.4327 120.33 10.744 104.43
1988-1991 12.642 0.8224 1.5478 127.20 7.3191 76.190
1992-1995 7.1302 0.7330 1.0458 39.683 17.626 137.76
1996-1998 5.2793 0.6877 1.1235 77.329 16.168 132.89
Alcohol Skewness Mean Std. Dev. Skewness Mean Std. Dev.
1st interview -0.2080 0.3810 0.4840 8.8273 10.127 36.050
2nd interview -3.9656 0.37910.41 02 8.8389 9.4922 34.632
3rd interview 0.47810.39310.5498 9.0258 9.5566 34.698
4th interview 1.2108 0.3913 0.5021 7.6780 9.3644 34.039
1988-1991 3.7871 0.3750 0.6283 9.3913 10.368 35.186
1992-1995 -9.6041 0.3643 0.2135 7.3545 10.101 35.365
1996-1998 5.2557 0.4160 0.7916 9.4284 8.5015 31.556
Services Skewness Mean Std. Dev. Skewness Mean Std. Dev.
1st interview -0.6105 0.5188 0.3133 9.6950 25.540 102.26
2nd interview 9.2070 0.5487 0.7703 31.855 21.171 82.519
3rd interview 9.1497 0.5159 0.6865 39.943 23.993 103.80
4th interview -20.564 0.5169 0.2392 18.533 24.541 113.24
1988-1991 10.761 0.5215 0.5763 19.976 28.297 100.02
1992-1995 -53.609 0.5532 0.1643 17.622 24.127 116.97
1996-1998 10.642 0.4932 0.7594 46.823 18.777 80.062
34values for the skewness (which depends on the third moment from the mean)
indicate that data are left skewed and positive values for the skewness indicate
data that are right skewed20. The time-in-sample aﬀects much more the shape
of reporting errors than their mean value with a pattern depending on the
commodity; the right tail of each distribution turns out heavier in almost all the
cases with a strong evidence of non-normality both for β and ε. As suggested by
the time proﬁles, the measurement error is not stationary over time. Moreover,
the magnitude of such error depends on the real amount of spending for each
commodity. In all the cases we ﬁnd that the mean of β is less that 1, implying
that the higher is d the lower is the error in reporting that good (by assumption
ε is not inﬂuenced by d). However, the dispersion around this value can be
considerably high.
It is worth noting that the correlation between errors in reporting commodi-
ties in D is set to zero, that is we assume that the error aﬀecting the reporting of
food expenditure doesn’t depend on the error on diﬀerent commodities entering
non-durable expenditure. Such assumption might look quite restrictive; how-
ever, it seems very diﬃcult to extend the moment method proposed in Section 8
to the general case of dependent errors amongst goods, since too many moments
would be required to approximate (β,ε) reasonably. We will not discuss further
on this point here and we will not consider any alternative estimation procedure
to overcome this problem21.
Figures 10-13 present non-parametric estimates of reporting error distribu-
tions for the same commodities controlling for education and race eﬀects (the
main two characteristics already found to be relevant for data quality in CEX
data by Tucker, 1992). The estimation procedure is described in the Appendix
and it identiﬁes each density from estimated moments exploiting an orthonormal
series approximation22.
Figures 14-16 present results for error-corrected measures of mean and vari-
ance of non-durable expenditure as described in Section 7. As expected, the
20Each moment is estimated separately from the remaining moments regardless of the re-
lationship amongst them, thus - for example - without imposing that the estimated variance
(obtained as the diﬀerence between the second moment and the squared ﬁrst moment) must
be positive. In 3 out of 40 cases (i.e. ﬁrst ﬁve moments of β and ε f o re a c ho ft h ef o u r
commodities in D) some of these relationships involving higher moments are violated (in par-
ticular, the estimated forth moment turned out negative in one case for ‘alcohol’ and two
cases for ‘services’); this small proportion we take as a evidence that the model imposed is
not rejected by our data.
21As an example, Beran and Millar (1994) propose a minimum distance estimator for the










































The ﬁt of this kind of models to our data is left for future research.
22Each density estimate is obtained removing small bumps in the estimated distributions
and considering positive values of the quantity
ˆ fX(x) − τ,
where ˆ fX(x) is the orthonormal series approximation for the density of factor X using a
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Figure 10: Food and non-alcoholic beverages at home. Reporting error distri-
butions by education and race for β (ﬁrst two panels) and ε (last two panels)
by education
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Figure 11: Food and non-alcoholic beverages away from home. Reporting error
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Figure 12: Alcoholic beverages. Reporting error distributions by education and
race for β (ﬁrst two panels) and ε (last two panels)
by education
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Figure 13: Personal care, entertainments and other services. Reporting error
distributions by education and race for β (ﬁrst two panels) and ε (last two
panels)
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Figure 14: Mean of monthly log consumption by cohort after correction (Diary
< Imputed < Interview)
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Figure 15: Variance of monthly log consumption by cohort after correction
(Interview < Imputed < Diary)
38mean of logs
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Figure 16: Mean and variance of monthly log consumption after correction
(means: Diary < Imputed < Interview; variances: Interview < Imputed <
Diary)
mean of the imputed measure of non-durable consumption lies between the ob-
served Interview and Diary curves, with the exception of the life-time proﬁle in
late sixties as reported in the last panel of Figure 14. Imputed variances within
each cohort generally increase over time, presenting an ‘u-shaped’ pattern before
the retirement period (55 − 60). The variance for the whole sample has a peak
in 1989, decreases in early 1990s (negative business cycle for the US economy)
and increases mildly after 1994.
10 Conclusions
In this paper we have discussed how to account for the measurement error af-
fecting both diary-based and recall-based data on non-durable consumption. In
fact, it is likely that not all the commodities entering non-durable consumption
are well reported exploiting only one of these two components. Commodities
made of frequently purchased, smaller items are presumably correctly measured
using diaries while commodities made of large expenditures or expenditures oc-
curring on a regular basis are presumably more accurate exploiting recall data.
It turns out that neither diary nor recall-based data provide a reliable aggregate
measure of non-durable consumption.
Integrating diﬀerent datasets presents the problem of determining the ap-
propriate survey component from which to select the expenditure items. On
the basis on evidence reported in a number of previous studies, we split the
set of commodities entering non-durable consumption into two groups indicat-
ing which one of the two survey methodologies (diary or recall) leads to more
accurate data quality.
If data from both the survey sources were available on the same unit, we
would be able to deﬁne a new measure of non-durable expenditure at micro-level
just considering the more reliable source for each commodity. If the samples are
referred to diﬀerent units as for the CEX case, we can provide improved aggre-
gate measures of consumption looking at means and - under suitable conditions
39on the covariance between commodities - variances for macro-units (i.e. cohorts
of households presenting the same observable characteristics) or for the whole
population.
In this chapterpaper we consider the estimation of non-durable expendi-
tures at household level. Estimating the true expenditure level on frequently
purchased items for the recall sample (and of bulky items in the diary sample)
can be seen as the problem of inferring counterfactuals: what is the counter-
factual diary (recall) expenditure measure for recall (diary) respondents? A
possible solution requires using information on common observable character-
istics at household level to predict recall expenditures in the diary sample and
viceversa.
Our procedure allows us (i) to deﬁne an improved measure for mean and
variance of non-durable expenditure over the 1990s and (ii) to characterize the
measurement error aﬀecting the commodities whose quality is doubtful accord-
ing to other studies in the literature. We produce some evidence of non-classical
error aﬀecting the aggregate measure of non-durable consumption both for di-
ary and recall-based data; we also discuss on the implications of our ﬁndings for
the estimation of several inequality indices. We ﬁnally show that - exploiting
jointly diary and recall data to account such measurement problem - we come
out with an inequality pattern over the 1990s that is not against the permanent
income hypothesis.
11 Appendix
In what follows we show how to identify the distributions of β and ε from their
moments estimated as described in Section 8. Both the methods we suggest lead
to similar results when applied to our data: the ﬁrst one is based on a rescaled
and truncated orthogonal series approximation of the unknown densities; the
second one derives these densities applying the Levy’s inversion theorem ap-
proximating the characteristic function of each variable as a truncated series
involving its moments.
The class of orthogonal series estimators can be derived describing the un-





where {ψk,k∈ Z} is an orthogonal system in L2([a,b]) and [a,b] is the domain
of the variable X. Each coeﬃcient ak represents the orthogonal projection of




ψk(x)fX(x)dx = E[ψk(x)]. (9)
An estimator of the unknown density is derived taking a truncated version of
the series approximation (8); the choice of the cut-oﬀ point is determined - as
in every non-parametric procedure - by a tradeoﬀ between eﬃciency and bias
of the resulting estimate (for example minimizing the MISE). See Efromovich
(1999) for further details.
Given a particular space, diﬀerent orthogonal systems deﬁne diﬀerent or-
thogonal series estimators of the unknown density fX(x). If the variable X
40is square integrable over the support [−1,1] a possible orthonormal basis is








that is an orthonormalized version of the well-known Legendre polynomials
(which are orthogonal but not orthonormal over [−1,1]). The resulting ap-
proximation is known as Fourier-Legendre Series Expansion.













so that the coeﬃcients in (9) are only function of moments of X.
Suppose to identify the moments of a variable Z which we assume to be
supported on the compact interval [µ − c,µ + c], where µ and c are known
constants; this is exactly the case discussed in Section 8, where the variables
of interest were those characterizing the measurement error process (β and ε).
Deﬁne the following one-to-one transformation of the support set and of the





The previous transformation maps the domain of Z into [−1,1] so that the
moments of X are identiﬁed from the moments of Z
E(Xs)=
E[(Z − µ)s]
cs ,s ≥ 1.
It follows that ﬁtting a truncated and rescaled Fourier-Legendre polynomials












where the latter result follows integrating (8) with respect to X.
An alternative strategy of estimation for fZ(z)-o rFZ(z) - builds on the






Since all the moments of Z are identiﬁed by assumption, we can invert (a trun-
cated version of) this series to obtain an estimate of the corresponding density
function.
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